
Combining Mathematical and Statistical Modeling to Simulate Time Course

Bulk and Single Cell Gene Expression Data

Motivation: Bioinformatics techniques to analyze time course bulk and single 

cell omics data are advancing. The absence of a known ground truth of the 

dynamics of molecular changes challenges benchmarking their performance on 

real data. Realistic simulated time-course datasets are essential to assess the 

performance of time course bioinformatics algorithms. 

Results: We develop an R/Bioconductor package CancerInSilico to simulate 

bulk and single cell transcriptional data from a known ground truth obtained 

from mathematical models of cellular systems. This package contains a general 

infrastructure for running cell-based mathematical models and pipelining the 

results into a pathway simulation which forms the basis for generating mean 

expression data. The mean expression data is run through an appropriate error 

model to generate the final simulated data.
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While the package infrastructure allows for multiple cell-based models, the 

current version comes with just a single model implemented. This model is an

off-lattice, stochastic cell-based model adapted from the work of Drasdo and 

Höhme (Drasdo and Höhme, 2003). It is a simple, two-dimensional model of 

cell growth that captures properties such as cell-cell adhesion and limited cell 

deformability. This model is extended to include multiple cell types and their 

response to drug therapies.
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The connection between the cell model and the gene expression simulation 

happens through user defined pathways that are associated with gene 

expression changes in a corresponding set of genes annotated to that pathway. 

We define an intermediate variable (P) that is a continuous value between zero 

and one that records how active each biological pathway is within each 

modeled cell. This measure of pathway activity is used to scale the mean 

expression value within a range observed in real data.

Simulating Gene Expression Data

Once the mean expression matrix is generated, additional genes unaffected by 

any pathway are also simulated with a pre-specified distribution. Technical error 

is then simulated in all genes appropriate to the measurement platform. A 

normal error model is used to simulate log transformed microarray data and a 

negative binomial error model adapted from the code for LIMMA voom (Law et 

al., 2014) is used to simulate bulk RNA-sequencing data. Technical noise for 

simulated single cell RNA-sequencing data is generated using the error and 

drop out models from Splatter (Zappia et al., 2017).

In this equation, Gmin and Gmax are estimated from observed data. For any 

particular gene, the mean expression is found for all simulated pathways the 

gene belongs to and the maximum of these values is used as the simulated 

mean value. For this study, we model four pathways related to the phase 

transition from G to S and G to M, growth factor signaling, and contact 

inhibition. For the G to M and G to S pathways, P is either 0 or 1 at the current 

time point depending on if the cell transitioned between phases within a 

specified time window. Activity in the growth factor signaling pathway is 

assumed to be proportional to the expected cell cycle length of each cell. The 

contact inhibition activity is defined by the “local density” of the cell, which is the 

proportion of area within a small radius of the reference cell that is occupied by 

other cells.

We apply this technique to simulate single cell RNA-sequencing data from a

simulation of a population of cells equally distributed between two cell types. 

Each cell type has an associated pathway with a gene set that corresponds to 

cellular identity – i.e the pathway activity is either 0 or 1 depending on the cell 

type. In this analysis we observe strong separation between cell types and time, 

most likely due to the effects of contact inhibition being strongly correlated with 

time. 

T-SNE of simulated time course single cell RNA-sequencing data for a 

population with cells of types A and B. Points colored by (a) cell type, (b) 

time – both plots generated with the R package Rtsne.
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